Abstract. Vertical aerosol profiles were directly measured over the city of Milan during three years (2005)(2006)(2007)(2008) of field campaigns. An optical particle counter, a portable meteorological station and a miniaturized cascade impactor were deployed on a tethered balloon. More than 300 vertical profiles were measured, both in winter and summer, mainly in conditions of clear, dry skies.
Introduction
Atmospheric particulate matter (PM) is a crucial factor in environmental pollution, health hazards and climate change. Meteorological conditions, and in particular mixing layer (ML) height, influence the PM exposure pattern providing the available volume for the dispersion of aerosols and gases (Fischer et al., 2006; Seibert et al., 2000) . Aerosols also influence the climatic system, as they tend to counter the global-warming effects of greenhouse gases, by cooling the earth-atmosphere system (IPCC, 2007; Koren et al., 2004; Kaufman et al., 2002) . The number size distribution and chemical composition of the particles in the atmosphere influence the optical properties of aerosol and their ability to act as cloud condensation nuclei (Kaufman et al., 2002; Penner et al., 2001; Hinds, 1999; Seinfeld, 1998) .
The link between the particles' chemical-physical properties and their optical ones has led in recent years to the 3916 L. Ferrero et al.: Vertically-resolved particle size distribution use of satellite images to spatialize the PM exposure pattern (Shaap et al., 2009; Di Nicolantonio et al., 2009; EngelCox et al., 2006; Liu et al., 2005 Liu et al., , 2007 Sarigiannis et al., 2004) . However, in order to quantitatively relate aerosol optical depth (AOD) to ground levels of PM, the effective scale height (H eff ) of the aerosol has to be estimated (Wang et al., 2003; Kaufman and Fraser, 1983) . Studies tend to use mixing height, predicted by different models, instead of H eff (Di Nicolantonio et al., 2007 ; Levy et al., 2007; Liu et al., 2005; Sarigiannis et al., 2004) . This simplification of the problem can be achieved by assuming a homogeneous mixing of particles within the mixing layer, and the presence of low aerosol concentrations above it.
As Campanelli et al. (2003) and Corrigan et al. (2008) have pointed out, the remote sensing approach (i.e. satellite and sun-photometers) requires different kinds of assumptions to be made regarding physical, optical and chemical aerosol parameters, in addition to homogeneity which may not provide valid results (Wiegner et al., 2006; Levy et al., 2004; Dubovik et al., 2000 , Doherty et al., 1999 .
However, it has been shown that aerosols can vary greatly in concentration, size and composition through the atmosphere, and thus also in terms of their effects on incident radiation (Campanelli et al., 2003) .
Studies have highlighted the opposing behaviour of vertical aerosol properties in the lower troposphere. For example, Campanelli et al. (2003) reported that boundary layer thickness had no influence on changes in aerosol volume size distribution along height; whereas Hayasaka et al. (1998) demonstrated a connection between the columnar aerosol volume size distribution and details of vertical profiles.
Thus, climatic studies and the estimation of ground PM concentrations from satellites, require a 3-D knowledge of aerosol properties, especially along the whole atmospheric column (Wang et al., 2003; Kaufman and Fraser, 1983) .
Vertical aerosol profiles can be obtained using both direct techniques, such as tethered balloons (McKendry et al., 2004; Stratmann et al. 2003; Maletto et al., 2003) and aircraft (Taubman et al., 2006; Wiegner et al., 2006) , and indirect techniques such as lidars (Kim et al., 2007; Amiridis at al., 2007; Eresmaa et al., 2006) . Of these, only direct techniques enable us to measure the physicochemical properties of aerosols (number concentration, size distribution, chemical composition) and the effect of atmospheric turbulence on aerosol properties within and above the mixing layer (Seibert et al., 2000) .
Until now, direct long-term measurements of vertical particle properties have been scarce (Penner et al., 2001) ; those that do exist are limited to just a few locations (Gobbi et al., 2004) and were mainly carried out during short-peculiar sampling campaigns (Laakso et al., 2007; Wiegner et al., 2006; McKendry et al., 2004; Maletto et al., 2003; Stratmann et al., 2003) .
As far as we know, this kind of measurement has not yet been the object of statistical modelling in the lower troposphere. A Bayesian algorithm was recently applied to stratospheric aerosol extinction data to retrieve size distribution parameters at high altitude (Wurl et al., 2009) .
Following this approach, vertical aerosol profiles were measured in Milan, within the framework of the Italian QUITSAT project (Air quality in the Po Valley by integrated measurements from Earth, satellites and chemical-transport modelling; www.quitsat.it), over the course of three years of field campaigns. Collected data were analysed using a statistical modelling approach, in order to describe characteristic particle size changes along height, within and above the mixing layer. The result was a probabilistic model capable of predicting particle properties along height based on ground measurements (aerosol size distribution and meteorological parameters) and mixing height. A statistical approach has the advantage of not requiring information about nucleation, coagulation, condensation and evaporation processes (Laakso et al., 2007; Kulmala et al., 2004; Stratmann et al., 2003) in order to correctly predict aerosol size distribution along height; transport events were also included in a general law valid under specific meteorological conditions.
Site, instrumentation and statistical approach
Vertical profiles of atmospheric aerosol were performed at the urban site of Torre Sarca in Milan (45 • 31 194 N, 9 • 12 46 E -University of Milano-Bicocca). The site is located on the northern side of Milan, in the midst of an extensive conurbation that is the most industrialized and heavilypopulated area in the Po Valley. Wind is scarce in the Po Valley, and stagnant conditions often occur causing a marked seasonally influenced PM trend (Rodriguez et al., 2007; Ferrero et al., 2007; Vecchi et al., 2004) .
Atmospheric aerosol and meteorological profiles
Vertical profiles of atmospheric aerosol were performed using a helium filled tethered balloon (Ø = 4 m, 33.5 m 3 ) equipped with an optical particle counter (OPC), a miniaturized cascade impactor and a portable meteorological station; they were deployed on a platform at a distance of 5 m from the balloon (Fig. 1 ). An electric winch allowed us to control the ascent and descent rate of the balloon to a precision of 0.1 m/min; a fixed value of 30.0±0.1 m/min was used, giving a high spatial resolution of particle measurements (3.0 m of resolution for each 6-s OPC measurement) with a reasonable time of flight (10 min to reach 300 m a.g.l.). The maximum height reached by each balloon launch depended on atmospheric conditions; for most of the profiles this height ranged from 300 to 600 m a.g.l.
We used the OPC GRIMM 1.108 "Dustcheck" which allowed us to measure the particle number size distribution in 15 classes from 0.3 µm to up to 20 µm. The particle concentrations (number and volume) reported in this study only refer to the size range measured by the OPC. The instrument was set to perform one measurement every 6 s to reach the highest spatial resolution during the balloon's flight. The OPC is suitable for measuring vertical profiles thanks to its light weight (2.5 kg), small size (24×12×6 cm 3 ), and considerable battery duration (8 h); this experimental design had been used successfully in other studies (Wiegner et al., 2006; McKendry et al., 2004; Maletto et al., 2003) .
The OPCs may be sensitive to conditions of high relative humidity which may influence particle growth. In order to avoid any artefact in size distribution determination, only vertical profiles carried out in clear and dry sky conditions (RH<65%) were considered (Sjogren et al., 2008; Weingartner et al., 1997) .
Meteorological conditions along height were measured, at the same time as particle counting and sizing, using a portable meteorological station (BABUC-ABC LSILastem); pressure, temperature and relative humidity were measured with the same time resolution as particle counting. These data were then employed to control the relative humidity (RH) of the atmosphere, allowing us to consider only artefact-free measurements performed by the OPC. Furthermore, humidity usually decreases with height (Baars et al., 2008; Palchetti et al., 2008; Velasco et al., 2008; Laakso et al., 2007; Stratmann et al., 2003) , and during balloon launches the mixing height was characterized by a sharp decrease in the RH content. The mean RH decrease across the ML was 8.5±0.8%.
The availability of vertical profiles of particle number concentration, temperature and relative humidity enabled us to directly infer a mixing height from each of the measured parameters using a gradient method Kim et al., 2007; Matzuki et al., 2005; McKendry et al., 2004; Maletto et al, 2003; Seibert et al., 2000; Menut et al., 1999) . Radiosounding data (potential temperature and relative humidity), measured on the same days of vertical profiles, from Milano-Linate airport (9 km far from the Torre Sarca site on the edge of Milan; http://weather.uwyo.edu/ upperair/sounding.html), were also used to estimate a mixing height. All of these mixing heights are compared with one another in the result and discussion section of this study.
PM collection and chemical characterization
During wintertime balloon flights, PM samples were collected using a portable cascade impactor (Sioutas SKC; five stages: >2.5 µm, 1.0-2.5 µm, 0.5-1.0 µm, 0.25-0.5 µm, <0.25 µm) at different altitudes along the vertical profiles. Teflon filters (Ø 25 and 37 mm, SKC) were used for PM collection, and a stable sampling flow rate of 9 L/min was guaranteed by a light-weight (1kg) battery-supplied pump (Leland Legacy pump, SKC). An internal flow sensor (Isothermal flow controller for air sampler, US Patent No. 5892160) measured flow directly, and acted to maintain the set flow. Set flow is achieved immediately at start-up, and is automatically maintained by built-in sensors that compensate for differences in temperature and atmospheric pressure during sampling.
PM samples were analyzed by means of ion chromatography after 20 min of extraction in ultrapure (Milli-Q) water by ultrasonic bath (SOLTEC SONICA®) (Ferrero et al., 2008) . Inorganic anions and cations were jointly analyzed by a Dionex ICS-90 and an ICS-2000 coupled system equipped with: Dionex IonPac® AG14A-5 µm Guard (3×30 mm), IonPac® AS14A-5 µm analytical column (3×150 mm), AMMS III 2 mm MicroMembrane Suppressor for anions; IonPac® CG12A-5 µm Guard (3×30 mm), IonPac® CS12A-5 µm analytical column (3×150 mm), CMMS III 2 mm MicroMembrane Suppressor for cations. Eluent and regenerant for anions were Na 2 CO 3 /NaHCO 3 8.0 mM/1.0 mM and H 2 SO 4 0.05 M solutions; for cations they were MSA 20 mM and TBAOH 0.1 M (Perrone et al., 2010) . Samples were collected at ground level, and in and above the mixing layer, for one hour. Due to the broad range in size of each cascade impactor stage, no significant changes in ion size distribution were detected along the vertical profiles. This is the reason why we have reported the vertical changes in their total atmospheric concentrations in this present study.
At ground level, PM 1 and PM 2.5 were constantly monitored (in the case of PM 2.5 , using a CEN equivalent sampler in compliance with EN-14907). The FAI-Hydra dual channel low-volume sampler was used with PTFE filters (Ø = 47 mm) and an EU sampling inlet (2.3 m 3 /h).
Statistical data analysis and modelling
Vertical aerosol profiles are characterised by a high degree of heterogeneity in the physicochemical processes that determine their size properties. A hierarchical Bayesian statistical model is a good tools for managing size distribution .6 µm) respectively in panels (a) and (c); mean particle diameter (MPD) behaviour along height is plotted for fine and coarse particles respectively in panels (b) and (d). H mix and H coarse refer to the heights calculated from the observed vertical concentration gradient for fine and coarse particles of the two-size fraction, respectively. HCD fine and HCD coarse refer to the heights calculated from the observed vertical MPD gradient for fine and coarse particles respectively. Finally, the profiles of volume concentration V 1 , V 2.5 and V 10 (respectively with d p less than 1 µm, 2.5 µm and 10 µm), and their in-between V 1−2.5 and V 2.5−10 , are plotted, respectively, in panels (e) and (f); they refer to the "h: 9:13-9:21" balloon flight of the 20th December 2005.
variations along height, hence this kind of model was developed here. Parameter estimation was performed by means of simulation procedures via a Monte Carlo Markov Chain (MCMC) algorithm implemented in the OpenBugs Software for Windows (Spiegelhalter et al., 1998) . The Bayesian framework is particularly suitable for managing this kind of models (Wikle et al., 1998) . The hierarchical model presents three levels: the first constructs the data likelihood that describes the data generating process. The second is devoted to launch-specific modelling. At the third level, the model describes the typical behaviour of a vertical profile. Each level is characterized by specific parameters. Parameter estimation is the way to obtain modelled vertical profiles, which are the main results of our approach. The Bayesian formulation is completed by specifying prior distributions on the parameters themselves (hyperpriors on hyperparameters).
Results and discussion
Vertical profile measurements were performed over the city of Milan between 2005 and 2008, by collecting more than 300 profiles in the characteristically stagnant conditions of the Po Valley. Among these only 214 profiles showed the presence of a mixing height. These provided a complete behaviour profile of aerosol properties in the lower troposphere during winter (the months of D, J and F; 142 profiles) and summer (the months of J, J and A; 72 profiles). Average ground wind speed in Milan during these campaigns was very low: 0.84±0.03 m/s in winter and 1.61±0.04 m/s in summer. Measurements were generally performed in the morning, from sunrise to 13:00 UTC (83% of measured profiles); this timing was designed to best describe the particle properties along height during the MODIS (Moderate Resolution Imaging Spectroradiometer) Terra and Aqua overflight of the Po Valley. The remaining measurements (17%) were taken in the afternoon up until sunset. Figure 2a , c, e, f offers characteristic examples from the whole vertical profile dataset, as a case study.
Mixing height determination
Particle accumulation in the ML gave rise to a marked concentration gradient in correspondence with the mixing height (H mix ). An example of this is clearly visible in Fig. 2 . From the ground to H mix the number-concentration was quite stable. There are a considerable number of definitions of H mix in the literature (either theoretical or operational), the choice depending mainly on data availability (Seibert et al., 2000) .
Atmospheric particles act as a tracer of the atmospheric dispersion state; this information contains and integrates the effects of physical atmospheric forces (both thermal and mechanical) on particle dispersion. In the present study, particle number-concentration profiles were investigated using a (a) the correlation between the particle-derived mixing height (p − H mix ), and the temperature-and relative humidityderived mixing heights (respectively T − H mix and rh-H mix ) estimated from vertical profile measurements; (b) the correlation between the particle-derived mixing height (p − H mix ) estimated from vertical profile measurements. and the temperature-and relative humidity-derived mixing heights (respectively T * − H mix and rh * − H mix ) estimated from radiosoundings at Milano-Linate airport. gradient method to define H mix Kim et al., 2007; Matzuki et al., 2005; McKendry et al., 2004; Maletto et al, 2003; Seibert et al., 2000; Menut et al., 1999) .
Since section 3.3 proposes a probabilistic model, capable of predicting particle size along height, starting from aerosol size at ground-level, meteorological parameters and mixing height, the reliability of particle-derived H mix has to be assessed.
For this reason, particle-derived H mix (indicated here as p − H mix ) was compared with a mixing height estimation derived at the same time from temperature (T − H mix ) and relative humidity (rh-H mix ) profiles measured using the meterological station deployed on the balloon; T − H mix and rh-H mix were calculated by means of the gradient method as reported also in the work of Kim et al. (2007) . Figure 3a compares p −H mix , T −H mix and rh-H mix . Temperature and relative humidity mixing heights were also estimated from radiosoundings performed at Milano-Linate airport (here indicated as: T * − H mix and rh * − H mix ) and compared to the closest observation of p − H mix (Fig. 3b) .
The p − H mix , T − H mix and rh-H mix estimated from balloon profiles coincided to a considerable extent (Fig. 3a) , and a root mean squared error (RMSE) of 32.8 m was found between p − H mix and T − H mix , while a RMSE of 26.7 m was calculated between p − H mix and rh-H mix . Mixing heights estimated from radiosoundings of Milano-Linate airport (T * − H mix and rh * − H mix ) showed a lower degree of correlation with p −H mix (RMSE respectively of 81.1 m and 76.4 m). This is understandable given that radiosoundings are generally collected at 06:00 and 12:00 UTC only, and even if they are related to the closest balloon's vertical profile, their timing does not coincide with that of the balloon measurements ; moreover, available radiosounding data are characterised by low vertical resolution, compared to vertical profiles (about 3.0 m), which leads to the reduced accuracy of mixing height estimation.
However, both linear correlations of p − H mix with T − H mix and rh-H mix , and with T * − H mix and rh * − H mix , displayed slopes very close to one, revealing the link between meteorological parameters and aerosol dispersion.
Finally, as reported in Angelini et al. (2009) , balloon derived p − H mix was also successfully compared with an estimation of mixing height performed using an automated lidar ceilometer (Vaisala LD40, λ = 855 nm) installed at the Torre Sarca site at the same time as the balloon launching. All of these results underline the accuracy of p − H mix in estimating mixing height. This the reason why hereinafter we are going to refer to the mixing height as that derived from particle concentration gradient, indicated simply as H mix .
H mix shows a clear temporal development (Fig. 2a ) which was seasonally averaged and plotted in Fig. 4a and b . Figure 4a shows the whole diurnal cycle of H mix in winter, when vertical profiles measurements were able to establish the H mix throughout the day. In the winter, a slight evolution in mixing height was observed, underling the stagnant conditions present above Milan . On the contrary, greater convection in the early morning is clearly visible in summer (Fig. 4b) .
H mix growth speed was calculated for winter and summer (Fig. 4a, b) . On average, growth speed in winter reached values of 150-200 m/h (95 • percentile = 282 m/h) at noon; in summer, on the other hand, already early in the morning (08:00 UTC), H mix growth speed increased quickly to 300 m/h (95 • percentile = 338 m/h). Calculated growth speed values are comparable with those reported by Baars et al. (2008) .
Number size distribution and chemical composition along height
The number size distributions measured at ground level and over the ML in winter and summer ( Fig. 5a and b) showed a local minimum in the 1.0-1.6 µm size class of the OPC; hence we discuss the coarse fraction behaviour along height Table 1 . Aerosol volume concentration (mean and mean standard deviation σ m ) at ground-level (G), above the mixing layer (AML) and the ratio between the two. Data were collected in winter (DJF months; N profiles = 142) and in summer (JJA months; N profiles = 72). V 1 , V 2.5 , V 10 and their in-between V 1−2.5 and V 2.5−10 are calculated considering particle smaller than 1 µm, 2.5 µm, 10 µm and in the ranges 1-2.5 µm and 2.5-10 µm. Concentrations measured above the mixing layer are normalized to ground pressure and temperature. Volume conc. Ground-level (G) Above the mixing AML/G (%) ( µm 3 cm −3 ) layer (AML) (d p >1.6 µm; Sect. 3.2.2) separately from the fine fraction behaviour (d p <1.6 µm; Sects. 3.2.3 and 3.3). This section examines the relationship between H mix and aerosol property changes. Number size distribution and chemical composition data, collected above the mixing layer, are compared with those collected near ground-level inside that layer. This is investigated both in winter and summer, at a time of stable conditions and transport events. 
Number and volume concentration above the mixing height
The power of the mixing layer to trap both primary and secondary particles is shown by those profiles reported in Fig. 2a , c, e and f. This influences the ratio between particle concentration (number and volume) measured above the mixing layer to that measured at ground level. On average, the particle number concentrations found above the ML (normalized at ground temperature and pressure) were 161±11 cm −3 in winter and 35±2 cm −3 in summer; these values represent 29±2% and 37±2% of the total particle number concentration measured at ground level (589±23 cm −3 in winter and 98±6 cm −3 in summer).
Similar results were obtained by calculating the particle volume concentration V 1 , V 2.5 and V 10 (respectively with d p less than 1 µm, 2.5 µm and 10 µm) along height, and their in-between V 1−2.5 and V 2.5−10 (Fig. 2e, f) ; their behaviour represents that of PM 1 , PM 2.5 and PM 10 (and of PM 1−2.5 and PM 2.5−10 ) without considering particle density. Table 1 reports these values at ground-level, above the ML, and their respective ratios.
Particle number and volume concentrations are not negligible above the ML. These results evidenced that an innovative approach in retrieving PM from satellites has to account for their contribution to the optical signal over the ML, a key procedure in areas characterized by stagnant conditions. Many factors may influence particle concentration above the mixing layer: 1) the carry-over from previous days with the formation of residual layers, 2) physical and chemical processes involving particle growth, coalescing and settling, 3) transport events McKendry et al, 2004 , Maletto et al., 2003 Stratmann et al., 2003; McKendry and Lundgren, 2000) . Factors 2 and 3 also affect particle size distribution. In this work the presence of the ML is found to be of crucial importance in influencing aerosol size, and the data in Table 1 show a non-homogeneous vertical dispersion of different broad size-classes. Figure 6 shows, as a function of particle diameter, the ratios of the number-concentration measured above the ML, to those measured at ground-level. Particles in the coarse fraction are less concentrated along height, and the largest ones reached the lowest values (less than 10% in winter). On the other hand, the percentage of fine particles reached a maximum value in the size range 0.5-0.65 µm in the winter, and in the size range 1.0-1.6 µm in the summer. The size-distribution changes along height, for both the fine and coarse fractions, are thus described by the mean particle diameter (MPD) calculated as follows:
where N i is the number concentration of particles within each size class, and D i its mean diameter. Figure 2a -d shows typical examples of vertical profiles of fine and coarse particles and their MPD along height; MPDs of fine and coarse fractions display opposing forms of behaviour. The two types of behaviour will be discussed separately in the following sections.
Coarse fraction behaviour
Coarse particles are primarily emitted into the atmosphere by different sources (natural and anthropogenic, mainly resuspension); they undergo dry deposition by gravitational settling (Raes et al. 2000) . This basic phenomenon influenced the balance between upward and downward mixing, making coarse particles unevenly distributed within the ML.
Coarse particle profiles were investigated by means of a gradient method; a mixing state for the coarse particles was defined (H coarse , Fig. 2c ). H coarse was found to be different from H mix in several profiles. Figure 7a compares H mix and H coarse for each profile in winter and summer. In summer, vertical distribution was rather uniform (R 2 = 0.802, slope = 0.900); however, the winter revealed a lower R 2 (0.680) and a higher discrepancy of the slope (0.855) from the unit value. Weak boundary layer turbulence and low wind speed were the causes of this phenomenon, allowing the settling process to influence coarse profiles. Similar results were achieved by Maletto et al. (2003) . Under these conditions (lower values of H coarse compared toH mix ) H mix is unsuitable as a proxy of H eff in PM estimation from satellites.
At the same time, it was found that the MPD of coarse mode decreased with height; from the ground, MPD remained rather constant along height (Fig. 2d) , but, at H coarse MPD decreased as a result of sedimentation of the larger particles. We investigated the MPD profiles using a gradient method, and we defined HCD coarse (height of changing diameter for coarse particles). A strong linear relationship with H coarse was found (Fig. 7b) , especially in winter (R 2 = 0.876, slope = 1.025). In summer this relationship was weaker (R 2 = 0.637, slope = 0.940). On average, the sedimentation process was observed in 94% of cases in winter and in only 49% of cases in summer. In the other cases, no clear evidence of any reduction in MPD was found. Low windy conditions and higher stability in the winter favoured particle sedimentation, whereas higher atmospheric instability weakened particle sedimentation in the summer.
Comparing MPD data collected above the ML, with those data collected near ground-level, the mean change in MPD was −14.9±0.6% in winter and −10.7±1.0% in summer; maximum reductions were, respectively, −27.4% and −31.6% (Table 2) . As a result, retrieving inversion algorithms have to account for this first vertical dishomogeneity of aerosol size along height. Different coarse size classes, characterized by different scattering and absorption efficiencies, are not vertically distributed in an identical manner within and above the mixing layer.
This could be easily taken into account by simulating the sedimentation of coarse particles in stable conditions: the percentages of particle number concentration found above the ML (Fig. 6) , for coarse size-classes only, can easily be correlated with the inverse of settling speed calculated for the same sizes (R 2 = 0.980 in winter and R 2 = 0.855 in summer; Fig. 8 ).
Fine fraction behaviour
Unlike coarse particles, fine particles displayed an increase in MPD at the mixing height under stable conditions (Fig. 2b) . We investigated the fine MPD profiles using a gradient method, and we defined the HCD fine (height of changing diameter for fine particles). H mix and HCD fine were directly compared to each other (Fig. 9) and were found almost always to coincide; they showed a high degree of correlation both in winter (R 2 = 0.913, slope = 1.052) and summer (R 2 = 0.972, slope = 1.048), with slopes close to one. Table 2 summarizes the average MPD increase, obtained by comparing data collected above the ML with data collected at ground level. An average increase in MPD of +2.1±0.1% in winter and of +3.9±0.3% in summer was discovered; maximum values were +6.1% and +8.5% respectively. This size change was repetitive and occurred in 82% of cases in the winter and in only 51% of cases in the summer.
At the same time as aerosol sizing was being performed, massive PM samples were collected at ground level, within the ML, and above the ML. NO During transport events, different MDP behaviour was discovered, associated with a sharp change in chemical composition above the ML. Figure 10d -f shows the advection of air masses over the ML from the Mediterranean Sea on 23 February 2007: these air masses were rich in sulphates (Fig. 10d) , usually associated with fine particles, thus causing a sharp decrease in MDP above the ML (Fig. 10f) . The mean change in MPD obtained by comparing data collected above the ML with ground-level data during transport events, was −1.3±0.1%.
H mix thus appeared to be a critical parameter with which to describe MPD changes in the lower troposphere both under stagnant conditions and during long-range transport events.
For this reason, optical retrieving inversion algorithms also have to account for this second vertical dishomogeneity, namely: aerosol size changes in the fine fraction. As confirmed by Wiegner et al. (2006) , the extinction coefficient (which is a function of particle size and composition) is height-dependent. Thus in these cases, estimates of aerosol extinction at ground-level obtained by dividing the AOD by the H mix can fail.
Previous findings pointed to the need for a correct simulation of fine MPD changes along vertical profiles. In order to perform such a simulation, a complete size distribution, together with information about nucleation, coagulation, condensation and evaporation processes, is required (Laakso et al., 2007; Kulmala et al., 2004; Stratmann et al., 2003) . Balloon launches, as a result of their discontinuous nature and payload limitations, cannot provide the continuous, comprehensive information required.
For this reason, we adopted a statistical approach in order to predict fine particle size distribution changes along height. A statistical approach has the advantage of not requiring physicochemical information, and also of taking account of transport events. A statistical approach to fine MPD changes is illustrated in the following section.
Statistical modelling of fine fraction behaviour
In the previous sections, we mentioned that particle size distribution varies according to height.
Since coarse particle (d p >1.6 µm) behaviour is governed by the well-known sedimentation process, statistical modelling has been based on fine particle behaviour only.
The statistical model proposed in this section establishes a basis for assessing the size distribution changes for the fine fraction using a general law; this can be done parametrizing meteorological conditions so as to distinguish periods of highly stable conditions from other periods. Size distribution along the whole profile can be predicted starting simply from ground measurements (aerosol and meteorological) and from an estimation of H mix .
We consider the relative contribution of a specific OPC size class in the fine fraction (FF) size range (six size classes are involved: 0.3-0.4 µm, 0.4-0.5 µm, 0.5-0.65 µm, 0.65-0.8 µm, 0.8-1.0 µm and 1.0-1.6 µm) to total particle concentration, i.e. to the sum of the number concentrations of the six size categories mentioned. The statistical model analyses the proportions of PM classified according to particle size on L. Ferrero et al.: Vertically-resolved particle size distribution 3925 the basis of the theory of compositional data. Compositional data consist of parts that sum up to unity (Aitchison, 1986; Billheimer et al., 2001) . Meteorological conditions are crucial antecedents for any pollutant structure: different external conditions can be taken into account by building homogeneous groups using a clustering algorithm adapted to the treatment of compositional data (Bruno and Greco, 2008) . Separate models for each group are estimated in order to study the evolution of particle size distribution along the vertical profiles.
We considered 139 launches chosen from the entire dataset: a launch was selected if its profile above the ML height could be traced. The selected launches have been clustered into 4 different typologies. Each group is characterized by very different specific external conditions, which are summarized in Table 4 . This table shows the mean value per group of a series of variables (aerosol and meteorological).
Groups A and B mainly contain winter launches, whereas groups C and D mainly contain launches measured on summer days. The differences between summer and winter groups are evident; the mean number concentration of particles is noticeably higher in the winter groups (A-B), as is the ground-level pollution summarised by PM 1 and PM 2.5 levels. Since groups are made up of a large number of launches characterized by a large number of observations, the estimation of models based on this amount of data can be very timeconsuming. If homogeneity within a group is high, limiting the number of launches on which to estimate the model involves a tolerable loss of information, and we benefit from savings in computational costs. For these reasons, the prototype model for each sub-group is estimated on data obtained from 8 launches. The eight launches selected within each group are summarised in Table 5 . This table enables us to check that the external conditions of the selected launches are similar to those of the parent groups shown in Table 4 . Tables 6 and 7 show the average relative size distribution within each group. The first size class constitutes more than 70% of the total counts in all groups, whereas the last three size classes account for less than 5% of the total. Groups A-B and C-D differ in behaviour with respect to the second size-class (0.4-0.5 µm) whose contribution is greater in winter groups (about 20%) than in summer groups (about 15%). However, the most interesting feature of the table is the predominance of the finest particles in group C. This is attributable to transport situations, and thus group C represents a cluster of vertical profiles affected by transport event, and characterized by the lowest mean sea level pressure among the various groups (Tables 4 and 5 ), a condition that favours the intrusion of diverse air masses. These considerations apply both to the full-size groups (Table 6 ) and to the subsets (Table 7) selected for subsequent analysis.
For each launch, the ML height, the maximum height reached by the balloon, and the number of collected measurements, differ. In order to overcome this heterogeneity, each measurement was considered in relation to its distance from the specific ML height for a generic launch k (H mix(k) ). Therefore, each height value has been transformed into a standardised value (X kh ) according to
where Height kh is the height of the h-th measurement for launch k.
The behaviour of the observed vertical profiles in relation to standardised height rather than absolute height, tends to be more homogeneous. This strengthens the conjecture that H mix is the crucial quantity in describing vertical profiles. In the following subsection, we construct a statistical model for the behaviour of all size classes along height. The proposed model is capable of estimating the characteristic vertical profile generating each launch within a group. Since data are compositional, the model has to take the sum-to-one constraint into account.
The merit of proposing a statistical approach for modelling vertical profiles consists in estimating parameters with a degree of credibility which is managed by probability. The uncertainty of results can therefore be assessed, and the statistical model can be used with caution, as a general paradigm.
A hierarchical model for homogeneous groups
A hierarchical model is constructed separately for each homogeneous group described in Table 7 (group-specific model). Hierarchical models are an effective tool for building complex models from relatively simple sub-models, each of which is interpreted as a level of the resulting hierarchy. The Bayesian framework is highly suited to this kind of model (Wikle et al., 1998) . For each group-specific hierarchical model, the variable modelled is y khr , i.e. the particle number concentration per vertical profile k, height h and size class r, (r = 1,. . . ,6).
The first level of the model is:
where y kh and n kh = 6 r =1 y khr are respectively a 6-dimensional vector containing the particle number concentrations and the total particle number concentrations at height h for launch k. The maximum height observed for each launch is denoted by H k . The multinomial distribution is appropriate in this case since it permits us to model concentration data with a sum constraint (the number concentration of particles at height h for vertical profile k, denoted as n kh ).
The multinomial distribution is parameterised by p kh = (p kh1 ,p kh2 ,...,p kh6 ), the model parameters representing the relative contribution of each OPC size class to the whole FF number concentration (p kh = y kh /n kh ). The sum to unit constraint [ 6 r =1 p khr =1 in (3)] suggests the use of an additive log-ratio (alr) transformation (Aitchison, The mean value µ khr represents the parameter in question, which depicts the theoretical behaviour of each size class r along height. It is modelled as a function of the new standardised height X kh (Eq. 2). This function consists of the sum of two fundamental terms: a constant profile-size class parameter γ kr , and a weighted sum of powers of the standardised height used to describe the non-linear relationship linking X kh and size-classes:
where γ kr and β j kr , j =1,...,J are launch-specific parameters that capture the mean and shape of the r-th size class of the k-th vertical profile (with respect to the reference sizeclass). The four group-specific hierarchical models differ only in the definition of the functional relationship between vertical profile and standardised height. The degree of the polynomial is denoted by J and is set at either 3 or 4 for each group-specific model. This equation describes the behaviour of the relative contribution of the original OPC FF size-classes along the standardized height. It could be used to predict size distribution along the entire profile, starting from the knowledge of ground truths (aerosol and meteorological) and from ML height. However, at the first level of hierarchy, the y khr model is launch-specific dependent (a function of γ kr and β j kr which are launch-k dependent). The second and third levels of the hierarchy are constructed in order to find a general model for each group .The profile-size class parameters (γ kr and β j kr ) characterize the second level of the hierarchical model. Second-level parameters are still modelled as the sum of a central value and a normal zero-mean error: β j kr =β j r + δ β j kr where δ β j kr ∼ N 0,σ 2 β j r j =1,...,J
γ kr =γ r + δ γ kr where δ γ kr ∼ N 0,σ
In other words, every k-th launch-specific parameter of (6) (γ kr and β j kr , j =1,...,J ) is conceived as the sum of a common group parameter (γ r and β j r , j =1,...,J ) plus a random error that represents the deviation from a groupspecific central value. At the third level of hierarchy, each group is characterised by the group hyperparameters γ and β j
These group-specific parameters are the main focus of inference, because they describe the typical behaviour characterising each group. Model hierarchy is completed by specifying Inverse Wishart distributions I W (I ,5) for the covariance matrices in Eqs. (9) and (10) and Inverse Gamma distributions I G(.001,1000) for the variance parameters in Eqs. (5), (7) and (8), i.e. equivalent to non-informative priors.
Model complexity is such that analytical estimation is not feasible. Model estimation is conducted by simulation via the MCMC algorithms implemented in OpenBugs Software. Solutions are accepted after having checked convergence using standard techniques. Inference is based on 10 000 postconvergence samples, after 30 000 burn-in iterations. The degree of the polynomial in (6) has been selected using the Deviance Information Criterion (DIC) (Spiegelhalter et al., 2002) ; a third grade polynomial has been chosen for groups A, B and C, while a fourth grade polynomial has been chosen for group D. In particular, transformed values alr −1 (γ ) vectors are the model counterpart of the average relative contribution of each size-class in homogeneous sub-groups in model estimation reported in Table 7 , and their estimation is summarized in Table 8 , which also reports 95% credibility intervals. Such intervals contain the empirical average relative size-distribution characterising both the full-size groups (Table 6 ) and the subsets selected for model estimation (Table 7). This shows how statistical modelling enables us to compute uncertainty measures of estimated values that give results that are more thorough than mere descriptive syntheses of data. The outputs of the hierarchical statistical model include the estimated MPD values corresponding to the empirical values (Eq. 1). The MPD increase estimated using the model is 1.6±0.4% for group A; 2.2±0.5% for group B; −2.0±0.5% for group C and 6.1±1.2% for group D, in accordance with experimental evidence highlighted in the previous sections.
The 4 panels in Fig. 11 show the vertical profiles estimated using the model for each group. Profiles of relative size-distribution are represented as deviations from the estimated γ values and centred in 1/6, which is the centre of a 6-dimensional simplex. The figure describes the shape of the prototype vertical profile for each group. This figure reveals the different characteristic behaviour of groups A, B and D, compared to that of group C. Results for groups A, B and D represent three models of MPD increase along height. There is clearly a considerable decrease in the relative contribution of the finest particles (1st size-class) along height. On the contrary, group C is characterized by an increase in the first size-class above the ML.
However, the comparison between vertical profiles based on Fig. 11 does not take account of the uncertainty characterising the results.
Uncertainty assessment can be appreciated with the help of Fig. 12 , which shows 80% credibility bands for each sizeclass in groups A (in red) and C (in blue). We can appreciate the results of model estimation by showing the nonoverlapping bands above the ML among A, B, D groups and the transport group C. 
Conclusions
Vertical profiles of aerosol number size distribution and meteorological parameters were measured over Milan during field campaigns lasting a period of three years (2006) (2007) (2008) .
The main goal of the vertical profiles approach was to investigate the behaviour of aerosol along height and time. This approach offered information about atmospheric dispersal conditions and the evolution of mixing height together with aerosols' properties.
Mixing height was calculated from aerosol, potential temperature and relative humidity profiles showing a noticeable correlation between atmospheric particle dispersion and meteorological parameters; differences among different mixing height estimation techniques were lower than 40 m. The mixing height evolution along daytime was characterized by low potential atmospheric dispersion in winter, when mixing height remained costrained into the first hundred of meters. The measured mixing height made it possible to account for the importance of meteorological effects related to atmospheric pollution in urban areas, using experimental data. During the winter in Milan, the mixing height does not reach any great altitude. Vertical profiles also enabled us to investigate aerosol number size distribution and chemical composition along height, which can be useful when trying to understand changes in particles' properties linked to their spatial and temporal evolution.
Aerosol profiles showed, firstly, the presence of a nonnegligible aerosol loading above the ML which reached 30±2% and 39±2% of aerosol volume V 1 (d p <1 µm) on the ground in winter and summer; for the same seasons and with aerosol volume V 10 (d p <10 µm), the percentages of aerosol loading above the mixing height were 20±1% and 37±3%. These results point to the need to account for aerosol loading above the mixing height in satellite applications designed to estimate ground PM concentrations.
Aerosol profiles also evidenced non-homogeneous aerosol behaviour (size and composition) along height. Fine and coarse particle were distributed differently at different heights of the mixing layer. A settling process influenced the balance between the upward and downward mixing of coarse particles, shaping their vertical profiles; as a result, sedimentation caused a lower mixing-state of coarse particles compared to that of fine ones. There was also a decrease in the mean diameter of coarse particles along height (−14.9±0.6% and −10.7±1.0% in winter and summer). On the opposite hand, fine particles showed an increase in their mean diameter above the mixing height, under stable atmospheric conditions. The measured increase was on average +2.1±0.1% and +3.9±0.3% in winter and summer, respectively. Transport events caused a decrease in fine-fraction size associated with a sharp change in aerosol chemical composition.
These results show that the simple use of H mix in PM retrieval algorithms, as well as the assumptions of vertically homogeneous aerosol properties, can lead to errors in remote sensing applications. Different sized classes characterized by different scattering and absorption efficiencies, are not identically distributed vertically within and above the mixing layer. As a consequence, some from of parametrization is needed in order to account for size distribution changes along height.
This was easily achieved for coarse particles, by relating the percentages of particle number concentration found above the ML with the inverse of settling speed calculated for the same sizes (R 2 = 0.980 in winter and and R 2 = 0.855 in summer).
For fine particles, however, we require knowledge of the complete size distribution, together with information about the nucleation, coagulation, condensation and evaporation processes. Hence, the typical particle size changes along height in the Po Valley's lower troposphere, for fine particles, was parametrized, by a statistical approach. This was achieved by developing a statistical model as a tool for handling similar data sets. All vertical profiles were together employed in a probabilistic model, after a clustering procedure and a process of standardisation in relation to the mixing height. The resulting model was able to predict particle properties along height starting from ground (aerosol and meteorological) parameters and H mix measurements. This was performed under different meteorological conditions.
It proved possible to compute the model counterpart for size distribution and MPD increase of the fine fraction. The chosen model estimated the following changes in the mean diameter of fine particles: +1.6±0.4% for cluster A (winter); +2.2±0.5% for cluster B (winter); −2.0±0.5% for cluster C (transport events) and +6.1±1.2% for cluster D (summer); these estimations reflect experimental results.
The methodology we developed (both experimental and modelling approaches) produced a considerable amount of useful information based on low-cost, robust techniques.
This application clearly revealed that large data sets of vertical profiles can be used to support the development of new models, as well as to validate their outputs. These results derived from the collection of long-term data series, thus avoiding the common limit of direct sampling along vertical profiles, namely the temporal significance of such measurements and their interpretations.
